whether the spatial distribution of this outbreak and unprecedented severity was precipitated 28 by environmental changes and, if so, which areas might be at risk in the future. To better 29 address the major health and economic impacts of zoonotic diseases we develop a system-30 dynamics approach to capture the impact of future climate, land use and human population 31 change on Ebola (EVD). We create future risk maps for affected areas and predict between a 32 1.75 and 3.2-fold increase in EVD outbreaks per year by 2070. While the best case future 33 scenarios we test saw a reduction in the likelihood of epidemics, other future scenarios with 34 high human population growth and low rates of socioeconomic development saw a fourfold 35 increase in the risk of epidemics occurring and almost 50% increase in the risk of 36 catastrophic epidemics. As well as helping to target where health infrastructure might be 37 Many attempts to understand Ebola outbreak dynamics have focused on mechanistic 76 modelling approaches of human-to-human transmission post spill-over from animal hosts 77 (13, 18, 19, (21) (22) (23) (24) . Mechanistic, or process-based, models are ideal for capturing 78 epidemiological characteristics of diseases and, importantly, testing how disease outbreaks 79 might be impacted by intervention efforts (25). One downside is that mechanistic models 80 rarely incorporate spatially heterogeneous ecological and environmental information (26), 81 such as the known high variance of bat abundance and pathogen sero-prevalence across 82 widespread individuals (27) . In this context, correlative, or pattern-based, models (e.g. 83 MaxEnt, Boosted-regression trees) have been used to simultaneously capture the spatial risk 84 of both zoonotic spill-over and subsequent human-to-human infection (12). For some 85 spatially-explicit analyses, there have been attempts to incorporate spatial patterns of human 86 populations (28), while other have included air transportation networks (29), but no studies 87 that we are aware of have considered whole-system analyses for major epidemic zoonoses, 88 such as Ebola. Like other rare or poorly-sampled diseases, Ebola suffers from limited data 89 availability, meaning pattern-finding, correlative analytical techniques are at a disadvantage 90 (30). 91 In 2014 a spill-over in Gueckedou district, Guinea of Ebola-Zaire virus led to an EVD 92 outbreak approximately 100 times larger than any of the previous 21 known outbreaks (31) . 93 Such epidemics have a disproportionate impact on the affected societies. For example, the 94 World Bank estimates a cost of US$2.2 billion to the three most affected countries (32) due 95 to, amongst other drivers, widespread infrastructure breakdown, mass migration, crop 96 5 abandonment and a rise in endemic diseases due to overrun healthcare systems. Recent work 97 has uncovered the human-to-human transmission patterns underlying this outbreak, using 98 case (33) and genomic data (31) to demonstrate that EVD spread can be successfully 99 predicted by a dispersal model that is weighted by both geographic distance and human 100 population density. Attempting to understand zoonotic epidemic risk, however, using a 101 human-only transmission model and without incorporating host ecology would inevitably 102 lead to areas with high human density and connectivity being identified as the regions with 103 the highest risk, despite some areas of these lacking competent hosts. Therefore, to model 104 both the spatial variation in spill-over risk and, concurrently, the likely progression of 105 subsequent outbreaks in human populations, we need to take a system-dynamics modelling 106 approach (1, 34). Key non-linear feedbacks can also be captured, for example, the trade-off 107 between increasing human populations and loss of reservoir host species through 108 anthropogenic land-use conversion, and using this to design the optimal roll-out of 109 vaccinations (35) and other interventions in a changing landscape. 110 Here, we use a disease system-dynamics approach ( reported, such as Nigeria and Ghana (Fig. 3A) . As a result, our model suggests that the at-risk 127 area for EBOV-EVD is much larger than the areas known to have experienced disease 128 outbreaks thus far. Our risk map also identified areas that are endemic for the other EVD 129 strains, likely due to similar transmission pathways and reservoir host characteristics (Fig. 130 3A). Although the index case risk map (Fig. 3B) shows a similar spatial pattern to all cases, 131 high risk spill-over areas are constrained to more distinct hot-spots. Importantly, the locations 132 of index cases that resulted in epidemics were even more geographically constrained, with 133 Ghana, Sierra Leone, Liberia, Kenya Uganda and Cameroon all having medium risk but 134 Nigeria is the focus of the highest potential for epidemic spill-over (Fig. 3C) well as many high-income European countries (Fig. 4) . Especially high importation risk, 140 however, was seen in Italy and Germany. 141 Similar to historic data (Fig. S3) , the distribution of the final size of the simulated outbreaks 142 was multimodal with distinct peaks at very low numbers (less than 3 cases) and medium 143 outbreaks (approximately 3-1500 cases) (Fig. S3) . Through extensive simulations we were 144 able to explore the lower probability areas of the distribution effectively and, unique to the 145 simulation data, there is a third peak of outbreaks (here we term 'epidemics') with high, to 7 very high, numbers of cases (1500-100,000,000 cases). This threshold of assigning an 147 outbreak with greater than 1500 cases as an epidemic also corresponds to the top 1 percentile 148 of a log-normal distribution approximating the variation in pre-2016 observed outbreak sizes 149 (~1538 cases per year). Of the ~2500 simulation runs for present day conditions, epidemics 150 (>1500) occurred approximately in 5.8% of the yearly simulations, with catastrophic 151 epidemics (>2,000,000) occurring in around 2.3% of simulations, or once every 43.5 years 152 given current conditions. From the sensitivity testing, the key parameters that affected 153 outbreak size were illness length and R0, which positively increased case numbers (Fig. S4a) , 154 whereas the annual spill-over rate (Fig. S4b) Rousettus aegyptiacus see Table S1 ) within each grid cell (0.0416) across the African 287 continent using species distribution models (SDMs) (51) and assuming constant pathogen 288 prevalence. We also calculated the spatial probability of the presence of other species which While we found the relationship between wealth and both Re and CFR reduction over time to 359 be best described using curves with exponents of -0.08 and -0.02, respectively, this was 360 inferred using relatively few data points (Table S4 ). In our simulation runs, therefore, we 361 allowed these exponents to vary similarly to the parameters above, to allow either more linear 362 declines or deeper curves to best estimate the true impact of this relationship. We allowed travellers to move freely (agnostic to any particular transportation method or empirically estimated future land use-land cover (LULC) change (using MODIS data 36).
407
For each grid cell we calculated the probability of each possible LULC change within the small, medium and very large outbreaks, and also to determine the geographical areas with the highest risk of experiencing cases. We also noted the destination of any flights out of 445 Africa that contained infected people. 
Section S1
744 EMM compartmental transition algorithm.
745
For each time step t, the number of individuals moving through disease compartments 746 both within and between grid cells (see Fig. 2 ) was estimated using disease transmission 747 parameters. We predicted the likely movement between disease compartments per time step, 748 by drawing randomly from a binomial distribution. We describe this process below, using as 
